In this study, optical and microwave satellite observations are integrated to estimate soil moisture at the same spatial resolution as the optical sensors (5km here) and applied for drought analysis in the continental United States. A new refined model is proposed to include auxiliary data like soil texture, topography, surface types, accumulated precipitation, in addition to Normalized Difference Vegetation Index (NDVI) and Land Surface Temperature (LST) used in the traditional universal triangle method. It is found the new proposed soil moisture model using accumulated precipitation demonstrated close agreements with the U.S. Drought Monitor (USDM) spatial patterns. Currently, the USDM is providing a weekly map. Recently, "flash" drought concept appears. To obtain drought map on daily basis, LST is derived from microwave observations and downscaled to the same resolution as the thermal infrared LST product and used to fill the gaps due to clouds in optical LST data. With the integrated daily LST available under nearly all weather conditions, daily soil moisture can be estimated at relatively higher spatial resolution than those traditionally derived from passive microwave sensors, thus drought maps based on soil moisture anomalies can be obtained on daily basis and made the flash drought analysis and monitoring become possible.
Introduction
Drought is considered to be the most severe natural hazard in terms of impact, duration, and spatial extent [1] .
The sparse spatial distribution of weather stations makes it daunting for drought monitoring and predicting. Satellite remote sensing capabilities have been greatly improved for decades and served as the main method for drought monitoring. Drought may occur unnoticeably and varyingly. Lack of information to drought may lead to severe disaster. The damage was extensive and the impact to livestock and farm production is uncountable [2] .
Government agencies within National Oceanic and D4 -exceptional dry conditions. They are utilized as (1) D0-D4 (percentile≤30%), (2) D1-D4 (percentile≤20%), (3) D2-D4 (percentile ≤ 10%), (4) D3-D4 (percentile ≤ 5%), and (5) D4 (percentile ≤ 2%) [3] [4] [5] .
The USDM maps are currently distributed online (http://droughtmonitor.unl.edu/) with relatively coarse resolution. They served as one of the criteria to determine the eligibility for relief of aggravation due to drought condition.
Agricultural interest in drought is important in much of the U.S. In fact, there is considerable interest in indices that can monitor agricultural drought. The hydrological condition of agricultural drought is closely linked to soil moisture [6] , which is dependent on precipitation, water infiltration, and soil water holding capacity. Since it's hard to measure soil moisture over large area directly,
Leese et al. [7] concluded it's better to monitor soil moisture with combination of in-situ model and remote sensed variables respond to soil moisture. Satellite remote sensing data with large area coverage is a promising and economical tool to estimate soil moisture and enables drought monitoring based on surface parameters, such as NDVI, LST, evaportranspiration, and soil moisture. The microwave-optical/IR synergistic approach is an efficient method to improve the current drought-related soil moisture products with several advantages including higher spatial and temporal resolutions. Zhan et al. [8] described a synergistic technique using optical/infrared frequency products to overcome the coarse spatial resolution of the MW satellite products.
This method was later enhanced by Chauhan et al. [9] .
They built the statistical relationships between near-surface soil moisture and optical-derived soil moisture indices. Merlin et al. [10] applied these relations and transferred this method to a wider range of conditions.
However, this method requires many surface parameters and micrometeorological data, which may not be available over large areas. It's desirable to find a simple and 
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data used
A comprehensive data set is collected and processed for deriving soil moisture at optical sensor resolution (5 km in this study) from satellite observations and evaluating drought conditions in the CONUS. These data include:
-MODIS LST and emissivity daily L3 global climate modeling grid (CMG) product (short name:
MYD11C1) with a resolution of 0.05° [ 11] .
-MODIS LST/emissivity 8-Day L3 CMG product (short name: MYD11C2) with a resolution of 0.05° [ 11] -NDVI data is extracted from the MODIS 16-day composite NDVI product (short name: MYD13C1) with a resolution of 0.05° [ 12] .
-Precipitation data are obtained from the TRMM (Tropical Rainfall Measuring Mission) Multi-satellite Precipitation Analysis (TMPA) with 0.25° spatial resolution and 3-hourly temporal resolution [13] .
-Elevation data are derived from the National Elevation Dataset (NED) data at a resolution of 100 meters [14] .
-MODIS land cover Climate Modeling Grid (CMG) product (Short Name: MCD12C1) provides the dominant land cover types at a spatial resolution of 0.05°. [17, 18] .
-Soil moisture outputs at 0.125° resolution from the three land-surface models (LSMs): the community Noah [19] , the Mosaic [20] , and the Variable Infiltration Capacity (VIC) model [21] , are obtained from the North American Land Data Assimilation System (NLDAS) [22] .
Temporal compositing and spatial resampling
The datasets used in this study were obtained at different temporal and spatial resolutions. All the datasets were needed to be resampled to the same resolution.
-For calibration using the SMOPS soil moisture (SM) data, all the datasets were aggregated to 25 km, the same resolution as the SMOPS SM data. The SM models
were firstly built at 25 km resluiton, then were applied to optical sensor data to estimate SM at the optical sensor resolution (5 km here).
-In order to compare with the USDM drought condition maps, all the datasets have been resampled or interpolated to uniform weekly (7 days) temporal and 0.0833° (about 12-km) spatial resolutions.
-For "flash" drought study, all the datasets were resampled or downscaled to the same 5 km spatial resolution as the MODIS LST product and estimate SM at 5 km spatial resolution on daily basis.
Land cover data has been resampled via the nearest neighbor assignment due to its discrete value. The bicubic interpolation assignment [23] was used to re-scale the other datasets, assuming that each point value changes consistently during observations. angle Model" [24] . Chauhan et al. [9] argued that the second or third order polynomial gives a better representation of the data since a single polynomial represents a wide range of surface climate conditions and land surface types. Thus an Universal Triangle Model was developed and can be described as:
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( 1) where , , subscripts max and min refer to the maximum and minimum values. Parameters a 00 , a 10 , …, a 22 are the regression coefficients.
Sun and Kafatos [25] [9] . Nevertheless, surface types vary significantly, and therefore, even a combination of NDVI, LST or albedo is not enough to fully describe the surface conditions. Soil moisture is also highly related to precipitation (the land water balance equation indicates the change of soil moisture is highly related to precipitation), soil texture (physical properties such as dielectric constant can affect water content in soil), topography (runoff is highly related to the topographic position, slope aspect, and steepness), and land cover (different land cover will influence the hydrological processes differently 
where "Pr" represents precipitation, "DEM" is for Digital Elevation Model (DEM) data, "Sand" is the individual grains or particles which can be seen with the naked eyes, "Poro" refers to porosity about how many pores/ holes a soil has, and "LC" is for land cover data. b 0 , b 1 , …, b 8 are regression coefficients.
As shown in Figure 1 , the black line in Figure 1b is the corresponding normalized monthly accumulated precipitation, and the LOWESS (LOcally Weighted Scatterplot Smoothing) [26] (Cleveland 1979 ) is applied to describe the nonlinear trends of precipitation (the blue line in Figure 1b) . The drought condition may not be directly The SMOPS soil moisture products were used for calibration to derive the regression coefficients in equations (1), (2) , and (3). The least square regression was applied to estimate the regression coefficients and 50% data were used for training.
Anomaly calculation
Soil moisture changes slowly, therefore cannot catch the fast change of drought conditions. Soil moisture anomaly is more appropriate to describe drought conditions than the absolute soil moisture [27] . In this study, we averaged daily soil moisture into weekly to match with the UM drought maps temporally. Soil moisture anomaly maps are obtained by the difference between weekly soil moisture and the long-term average soil moisture based on the equation: (4) where the average soil moisture for each pixel is calculated for the same weeks over the 11 years from January 1 2003 to December 31 2014. Negative soil moisture anomalies stand for the observed data are lower than the averaged data, and indicate dry conditions.
Comparison with some other drought indices -Evaporative Stress Index (ESI)
The ESI is defined as the anomalies in the ratio of actual-to-potential ET (AET/PET), derived from the thermal remote sensing based on the Atmosphere-Land Exchange Inverse (ALEXI) surface energy balance model [28] [29] [30] [31] . The ALEXI uses measurements of morning land-surface temperature retrieved from geostationary satellite thermal band imagery to solve the Two-Source Energy Balance (TSEB) algorithm [32] in time-differential to approximately 1 (wet).
-Vegetation Health Index (VHI)
Kogan et al. [33] proposed to combine the Vegetation Condition Index (VCI) and the Temperature Condition
Index (TCI) to Vegetation Health Index (VHI):
VHI=a*VCI+b*TCI (5) where the coefficient a and b are usually taken as 0.5. The VCI is defined as: (6) where and are the multi years maximum and minimum NDVI in a given area for growing season. The TCI is defined by Kogan [34] as: TCI = 100 x (BT max -BT i )/ (BT max -BT min ) (7) where BT, BT max , and BT min are smoothed brightness temperature, its maximum and minimum, respectively calculated for each pixel and week from multiyear data, and i is the year. Wang et al. [35] developed Vegetation Temperature
Condition Index (VTCI) based on the triangular space of LST and NDVI for monitoring drought stress. It's defined as following: (8) where and are the maximum and minimum land surface temperature of pixels which have the same value, respectively, denotes land surface temperature of one pixel whose NDVI value is . If VTCI(i) < 0.4, then the area (i) is under severe drought condition.
Correlation analyses
The temporal correlation coefficients are computed between the outputs from the refined soil moisture model and the USDM drought classifications at weekly scales during the growing season from April to October of each year. Recently, "flash" drought concept appears. Flash drought frequently occurred in the central and eastern
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United States [36] . The 2012 drought over the Northern American demonstrated the worst surface condition since the 1930s Dust Bowl [37] . The drought started in 2011, The rapid soil moisture loss led this event as "flash drought" [38] . Unlike the common drought that is caused by external forcing like SST anomalies, the flash drought event was a result of natural weather variations, with little warnings found from the traditional drought metrics or climate model simulations [39] . The flash drought event suggests that the current drought monitoring should enhance its temporal resolution.
In the above drought analyses as shown in . Here we show an example in Figure 4 . As demonstrated in Figure 4 , the original daily MODIS LST exist a lot of gaps due to clouds (Figure 4a) , while the LST derived from the AMSR-E with a new proposed five-channel algorithm [40] can get a clear and spatial continuous distribution (Figure 4b 
Discussion and conclusion
In this study, we integrated microwave and optical 
